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ABSTRACT
We examine and rank a set of 264 U.S. universities extracted from
the National Collegiate Athletic Association (NCAA) Division I
membership and global lists published in U.S. News, Times Higher
Education, Academic Ranking of World Universities, and Money
Magazine. Our University Twier Engagement (UTE) rank is based
on the friend and extended follower network of primary and af-
liated secondary Twier accounts referenced on a university's
home page. In rank-to-rank comparisons we observed a signif-
icant, positive rank correlation (τ=0.6018) between UTE and an
aggregate reputation ranking which indicates that UTE could be
a viable proxy for ranking atypical institutions normally excluded
from traditional lists. In addition, we signicantly reduce the cost
of data collection needed to rank each institution by using only
web-based artifacts and a publicly accessible Twier application
programming interface (API).
1 INTRODUCTION
Universities and other academic institutions increasingly see their
presence, visibility and footprint on the Web as central to their
reputation and international standing. In this context, the academic
web is evolving into more than a vehicle for communicating sci-
entic and cultural achievements; information content is viewed
as a reection of the overall organization and performance of the
university [1]. Academic rankings, therefore, play an important
role in assessing reputation. With dierent criteria and disparate
methodologies, there can be a signicant divergence in the rankings
of a particular institution depending upon the list that is surveyed.
Academic excellence is dicult to quantify, yet most ranking
organizations start by collecting performance indicators (e.g., No-
bel laureates, research volume) about each university which they
believe to be independent indicators of quality. Aer giving each
a dierent, predetermined weight, the indicators are summed to
a total score that determines the university's rank. e weighted
scoring method is sometimes supplemented with a peer institution
survey which is compiled and submied by academic experts [9].
We propose an alternative metric for ranking universities, Univer-
sity Twier Engagement (UTE), a score which is the sum of all
aliated users the university promotes on its homepage plus the
followers of any Twier friends who indicate an aliation with
the university in their prole Uniform Resource Identier (URI).
e UTE score is an important metric as it quanties the potential
popularity or prestige of the university without an extensive data
collection eort.
is research assumes that (1) universities with higher under-
graduate enrollment are likely to have more Twier followers as
students graduate and transition to alumni status, (2) ocial Twit-
ter accounts will be well advertised on the university's homepage,
(3) sports participation is a driver that increases awareness of the
university's brand, and (4) the data needed to comprise the ranking
criteria is readily available and easy to collect from public data
sources on the web. Figure 1 depicts a recent glimpse into the
Twier followers (675K) for Harvard University, a perennially top-
ranked school, which represents an approximate 100:1 ratio to its
undergraduate enrollment (6,660). On the other hand, the Twier
follower count (1,213) for Virginia Military Institute (VMI), a top
100 school, barely maintains a 1:1 ratio with its undergraduate en-
rollment (1,717). If we only consider alumni, we would expect that
schools with similar enrollment would aract a similar number of
Twier followers. e large disparity between Harvard and VMI
presents a rst indication that some correlation may exist between
rank position and Twier followers. We propose a novel approach
which considers not only the primary Twier accounts which the
university may advertise on its homepage, but secondary accounts
which the university informally promotes by following them on
Twier. In order to ensure that a relationship or mutual aliation
exists between the primary and secondary accounts, we enforce the
requirement that the top level domain assigned to the university in
its URI (e.g., harvard.edu) must be present in the Twier prole of
all aliated Twier accounts.
e contributions of this study are as follows:
• We aggregate the rankings from multiple expert sources
to calculate an adjusted reputation rank (ARR) for each
university which allows direct comparison based on posi-
tion in the list and provides a collective perspective of the
individual rankings.
• We conduct a web-based analysis to identify and collect a
mutually aligned, comprehensive set of primary and sec-
ondary Twier accounts as a measure of social media en-
gagement.
• We propose an easily collected proxy measurement, UTE,
that achieves comparable rankings as more complex method-
ologies which rely upon manual compilation.
• We produce a social media rich dataset containing Twier
prole data and institutional demographics which will re-
duce the eort required by other researchers to reproduce
our work [28]. e complete dataset is posted on GitHub1.
2 RELATEDWORK
e relevance of Twier followers as a means of measuring rep-
utation has been the subject of many previous studies. Our work
1hps://github.com/oduwsdl/University-Twier-Engagement
ar
X
iv
:1
70
8.
05
79
0v
1 
 [c
s.D
L]
  1
9 A
ug
 20
17
(a) Harvard University @HARVARD.
(b) Virginia Military Institute @VMILife.
Figure 1: Twitter Follower Comparison
parallels the studies conducted by Klein et al. [18, 19] and Nelson
et al. [24] who aempt to nd correlations between the rankings
of real-world entities (e.g., college football teams, Billboard Hot
100, graduate business schools) and the page rank of their respec-
tive home pages. In this paper, we examine something similar, but
instead derive the ranking score using social media.
2.1 e Challenge of Ranking Universities
University rankings are subject to normative assumptions about the
type of variables used and their associated weightings. erefore,
ranking systems reect the conceptual framework and the model-
ing choices used to build them [12]. ese systems can potentially
give inaccurate indications to university administrators about the
activities in which it is beer to invest in order to improve the rank-
ing of their institution [12]. And, as predicted by decision-making
theory, Bowman and Bastelo [5] found that anchoring eects exert
a substantial inuence on future reputational assessments. Once
a university reaches the pinnacle of any ranking system, they are
anchored and oen do not fall very far from their original position.
Bowman and Bastelo [5] observed that academics across the world
are inuenced in some way by external assessments of their rank-
ing. Further, they concluded it would take an extensive change in
academic quality to signicantly inuence reputation scores in any
given year. Nearly always, rankings drive reputation, not the other
way around. e notion of reputation largely serves as a feedback
loop to maintain the status quo, establishing the credibility of the
rankings and ensuring stability in results over time [5].
Dierent metrics used by the ranking organizations can make
direct comparisons dicult as each list may be intended to convey
a distinct purpose. ree of the four ranking systems referenced in
this paper determine best colleges based on academic excellence
while the fourth, Money Magazine, is focused solely on perceived
value and aordability. A particular ranking list may count factors
such as external funding, numbers of articles and books authored by
faculty members, library resources, proportion of faculty members
with advanced degrees, and quality of students based on admis-
sions criteria. With so many heterogeneous metrics, conducting
surveys can be time consuming and expensive if the data must be
gathered over a long period of time or requires manual input from
a university ocial. ese numbers are not easy to obtain and are
assumed to be an adequate proxy for quality.
e assumption by the ranking systems is that one set of metrics
can be applied to every institution and that the norms of research-
based and elite universities are the gold standard that can be ap-
plied to everyone [2]. Goglio [12] showed that the competition to
improve ranks among lower ranked universities is dierent from
the competition to do so among higher ranked universities. e
rank-localized nature of competition is primarily among those uni-
versities that are similarly ranked. Grewal et al.'s [14] results also
showed that a top-ranked university has a 0.965 probability of
nishing in the top ve the next year. Ultimately, regardless of
popularity, universities exhibit very lile power to control their
rank position and, although almost all aspire to be among the upper
echelons, the top positions are perennially dominated by the same
institutions [12].
2.2 Social Media in Higher Education
Even when the ranking systems have the same goal, technical chal-
lenges can still hamper data collection; specically, changes in page
names or web domains can aect both the visibility and discover-
ability of the institution's web presence. An organization can also
use dierent web domains for search engines, aliases and indepen-
dent domains for some of their subunits or services [1]. For exam-
ple, in addition to odu.edu which is the expected domain for Old
Dominion University, we found odu.trisigma.org and oduwsoccer-
club.wixsite.com as domains associated with university-sponsored
clubs. As noted by Aguillo [1], an adequate web presence or lack
thereof may not always correlate with the quality or prestige of the
institution.
Social networking sites have proven to be an eective vehicle
for organizations seeking to implement diverse branding strategies,
given that such sites allow consumers to share their experiences
and opinions concerning the organization's products and brand in
real time [15, 16]. Many organizations have rapidly adopted social
networking services such as Facebook and Twier, a move that has
altered the face of customer relationship management from manag-
ing customers to collaborating with customers. While social media
interactions in the higher education space are not transactional
in the traditional sense, they do provide a way for institutions
to continually engage with their constituents. Another form of
engagement, or public involvement with a chosen organization
that may fall outside of consumer interests is aective commitment
which Kang [17] denes as a voluntary bonding between entities;
perhaps similar to how a university might maintain contact with
its alumni long aer graduation. We will focus on engagement
at a very basic or minimal level based on familiarity and cogni-
tion where one rst needs to be familiar with a university's online
activity and subsequently start to follow them via social media.
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As part of their ongoing research to measure the impact and
social media usage in the United States, a 2016 study conducted by
the Pew Research Center concluded that while Facebook continues
to be the U.S.'s most popular social networking site with nearly
79% of online users using the platform, Twier usage is holding
steady at 24% and is also somewhat more popular among the highly
educated [13]. Go et al.'s [11] 2016 social media benchmarking
report also suggests that Twier is perceived as the most useful
application for businesses. At the organizational level Tsimonis et
al. [27] examined the policies, strategies and outcomes that compa-
nies might expect when engaging on social media. One observed
outcome related to increased brand awareness theorized that it is
possible to use a well-designed webpage to spark additional inter-
est. Further, research ndings aest to the value of social media
engagement in building communities and nurturing positive public
aitudes regarding the reputation of the organization [23]. rough
data collected via a large scale survey Dikjmans et al. [8] also found
that engagement in social media activities is positively related to
corporate reputation.
2.3 Inuence of Twitter Followers
Measuring inuence and social networking potential on Twier
has been discussed in various papers as well as in numerous blogs
and online media. Related scientic work on Twier includes ap-
proaches which measure inuence by not only taking followers and
interactions into account, but also by analyzing topical similarities
with the help of a ranking method similar to PageRank [29]. Other
approaches dene dierent types of inuence on Twier, namely
indegree, retweet and mention inuence [6]. Accordingly, a ques-
tion that arises concerns how to determine the Twier accounts
that are most inuential and how their inuence is subsequently
measured [3]. Measuring Twier followers is generally considered
to be a popular metric as having many followers can indicate a
higher level of inuence as more people seem to be interested in
the user. is metric implies that the more followers a user has,
the more impact the user has, as the user seems to be more pop-
ular [22]. Preussler [25] contends that the number of followers is
an indicator for the social reputation and the number of followers
will increase as the user becomes more important. Finally, Kunegis
et al. [20] assert that preferential aachment indicates that people
who already have many ties are more likely to receive new ties.
In other words, people who are followed by many people (i.e., are
popular) are more likely to receive new followers.
An alternative approach for ranking Twier users undertaken by
Saito and Masuda [26] considers the number of others that a user
follows, i.e. friends. ey concluded that the number of others that
a user follows is equally important as the number of followers when
estimating the importance of a Twier user. In previous studies on
Twier, a variety of characteristics, both personal and social, have
been used to identify inuencers and each study measures inuence
from dierent perspectives [4, 21, 22, 29]. Weng introduced the
concept of homophily which implies that a Twierer follows a friend
because she is interested in some topics the friend is publishing, and
the friend follows back because she nds they share a similar topical
interest. e presence of homophily implies there are Twier users
who are highly selective when choosing friends to follow [29].
ese conclusions are evidenced by super users who are followed
by many other users, but do not follow back equally as they only
follow a select group of Twier friends or other super users (e.g.,
consider the friend-to-follower ratio of Harvard shown in Figure 1).
3 METHODOLOGY
e following section discusses how we chose the performance
indicators to correspond with the entries in the expert lists, the
ranking algorithm and other operational details.
3.1 Establishing the Selection Criteria
To select the universities of interest, we begin with the 351 Ameri-
can colleges and universities currently classied as Division I by
the National Collegiate Athletic Association2 (NCAA). We then
consider which of these institutions appear among the rankings
of the Academic Rankings of World Universities3 (ARWU) 2016,
the Times Higher Education4 (THE) World University rankings
2015-2016, Money's Best Colleges5 (MONEY) 2016-2017, and U.S.
News (USNEWS) Best Global Universities6 2015 and 2016.
Table 1: Contribution of Each Ranking List to Our Dataset
Ranking
System
Total
Universities
U.S. & NCAA
Division 1
Unique
Entries
ARWU 500 107 1
Money Magazine 705 249 115
THE 800 118 4
US News 2015 500 99 0
US News 2016 750 137 3
Any Two Lists – – 22
Any ree Lists – – 19
Any Four Lists – – 16
All Five Lists – – 84
Total 264
In Table 1, we identify the overlap between the total number
of universities on each list and the NCAA Division I category of
interest to our study. While Division I is not necessarily a ranking,
participation in Division I is an indicator that the university has a
vested interest in engaging with alumni and the general public. A
review of the unique appearance of a university on one or more lists
demonstrates the diversity or lack thereof between the ve rankings
under consideration. Only Money Magazine, with its emphasis on
perceived value, includes 115 institutions not evaluated elsewhere;
while more than 53% of the universities in our dataset appear on
at least two of the indicated lists. is anchoring of universities
among the ranking lists is consistent with previous research [5]
regarding adherence to the status quo (see Section 2.1).
2hp://www.ncaa.org/about?division=d1
3hp://www.shanghairanking.com/
4hps://www.timeshighereducation.com/world-university-rankings/2016/
world-ranking
5hp://new.time.com/money/best-colleges/rankings/best-colleges/
6hp://www.usnews.com/education/best-global-universities
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Table 2: Rank Sequencing Using Spearman's Footrule
University THE THE
Rank Ordered
Stanford University 3 1
Harvard University 6 2
Princeton University 7 3
Yale University 12 4
University of California–Berkeley 13 5
Columbia University 15 6
University of California–Los Angeles 16 7
University of Pennsylvania 17 8
Cornell University 18 9
Duke University 20 10
University of San Diego — 112
Old Dominion University — 112
3.2 Standardizing the Rank Positions
Two of the ranking systems that contribute to our dataset bin uni-
versities alphabetically into groups aer a certain threshold has
been reached, resulting in tied ranking positions for those universi-
ties found lower on the list. Aer the rst 200 individual rankings,
THE places the remaining institutions ranked between 201 and 400
into bins of size 50 and then use bins of size 100 for ranks between
401 and 800. e ranking for each binned institution is the lowest
number in the bin. All institutions listed alphabetically as ranked
between 401 and 500 would be assigned rank 401. e rankings of
ARWU are conducted similarly except ARWU starts to bin aer the
rst 100 individual rankings.
One of the problems when comparing two ranked lists is that the
items ranked in two particular lists are not identical, meaning items
that appear in list A do not necessarily appear in list B. Fagin [10]
introduced a new measure which extends Spearman's Footrule by
assigning a rank to the non-overlapping elements. For two rankings
of size k, each element that appears in list A but does not appear in
the list B (either totally missing from B or ranked at position [k]) is
assigned rank k+1. For the purpose of our research, application of
the footrule essentially places all universities which are not ranked
at the end of a respective list. Aer removing the international
entries, if any, the remaining institutions on each ranking list were
sequentially ordered by rank as shown in Table 2 using the THE
rank as an example. e sequential ordering according to relative
position was necessary because of dierences in the number of U.S.
institutions on each list (see Table 1), and the need to standardize
ranking positions to obtain concordance between all lists.
3.3 Computing Adjusted Reputation Rank
One of our research goals is to compute an adjusted reputation
rank. erefore, we must avoid unduly penalizing an institution by
including a low, raw ranking on a particular list in our ARR calcula-
tion; especially when the institution is referenced on just one or two
of the named lists. To ensure that we incorporate dierent ranking
perspectives in our evaluation, we average the ordered positional
rankings from all ranking lists in our consolidated dataset to com-
pute a mean reputation score which we then use to sequentially
order the listed universities to obtain the adjusted reputation rank
shown in Table 4. Upon examination, we discovered that some
schools which met the criteria to be ranked by Money Magazine
based on value performed dierently using the criteria established
by the other ranking systems. For example, Columbia University is
consistently in the top-15 of the other four ranking systems while
Money Magazine ranks the school considerably lower at position 52.
As described later in Section 4.1, we computed rank-order correla-
tion for each of the rankings. Table 6 shows that the rankings from
Money Magazine are consistently weak to moderately correlated
with all other ranking lists we consider. erefore, we exclude the
Money Magazine rankings from our computation of ARR. e 115
schools which appeared only on Money Magazine were placed in a
non-ranked position at the end of ARWU, THE, and the lists from
U.S. News. A standardized ranking position was then calculated
using the methodology described in Section 3.2.
3.4 Computing the Composite EEE Rank
We identied several candidate aributes in order to determine
which combination of quantiable aributes might provide a good
evaluation metric for our ranking system. We empirically selected a
combination of web-based and other characteristics which might be
calculated or retrieved from the Web: athletic expenditures, under-
graduate enrollment, monetary value of the endowment, institution
age, primary and secondary Twier followers. We also combined
several of these metrics into a composite ranking consisting of en-
dowment, expenditures, and enrollment (EEE); metrics which are
possible to collect from web-based sources. e top-15 universities
as ranked by our EEE score are shown in Table 3. Due to the broad
range of values in the individual components, each of the enroll-
ment, endowment and expenditures was normalized individually
across the full dataset of 264 universities to obtain the same scale,
from 0 to 1, then aggregated to obtain a sequential EEE ranking of
the universities.
We chose to include the total expenditures for men's and women's
sports as a measure of the institution's commitment to branding and
promoting the university as a whole. Further, we theorize whether
the EEE score might serve as a viable proxy measure for a subset of
our data, the NCAA Power Five, that we use later in Section 4.3 to
assess the strength of UTE as a ranking aribute. e NCAA Power
Five Conferences include the Southeastern Conference (SEC), At-
lantic Coast Conference (ACC), Big Ten, Pac-12, and Big 12. e
chosen conferences are composed of 65 agship public and private
universities who share excellent academic reputations, large en-
dowments, and big budgets allocated for their athletic programs.
ese schools are representative of institutions that are playing at
the highest level of NCAA competition and typically excel in two
if not all three of the dimensions of enrollment, expenditures, and
endowment.
3.5 Collecting University Demographic Data
As a starting point for obtaining key institutional and demographic
information for each university, we extracted (scraped) the associ-
ated website as listed on the university's prole page maintained
by the ranking list. We extracted information from multiple web-
sites which included Division I conference membership from the
4
Table 3: Top-15 Universities Ranked by EEE
University UndergraduateEnrollment
Endowment,
ousands $
Athletic
Expenditures, $ EEE
Ohio State University 40,452 3,633,887 136,966,818 1
University of Texas 36,072 3,341,835 152,853,239 2
Pennsylvania State University 39,077 3,635,730 117,818,050 3
University of Michigan 27,297 9,952,113 131,003,957 3
University of Wisconsin–Madison 27,867 2,465,051 122,975,876 5
University of Florida 29,577 1,550,000 130,772,416 6
Michigan State University 35,038 2,274,813 89,491,630 7
University of Washington 27,733 3,076,226 88,580,078 8
University of California–Los Angeles 29,027 1,864,605 96,912,767 9
Indiana University 31,161 1,974,215 81,161,423 10
University of California–Berkeley 26,320 7,997,099 76,348,304 11
University of Illinois 31,312 1,585,807 74,469,976 12
Purdue University 28,382 2,397,902 66,164,834 13
University of Southern California 17,898 4,709,511 105,919,366 14
University of Georgia 25,259 1,004,987 101,559,307 15
Table 4: Union of the Top 15 Universities According to ARR and Top 15 According to UTE, sorted by ARR. UTE score is the
sum of the primary and secondary followers.
University ARWUOrdered
THE
Ordered
USNEWS
2015
Ordered
USNEWS
2016
Ordered
Mean
Reputation
Score
Adjusted
Reputation
Rank
UTE
Score
UTE
Rank
Harvard University 1 2 1 1 1 1 4,562,501 1
Stanford University 2 1 3 3 2 2 2,239,440 2
University of California–Berkeley 3 5 2 2 3 3 474,901 19
Princeton University 4 3 6 7 5 4 574,758 15
Columbia University 5 6 5 5 5 4 759,574 7
University of California–Los Angeles 7 7 4 4 6 6 394,815 28
Yale University 6 4 9 8 7 7 808,461 4
University of Pennsylvania 10 8 10 8 9 8 778,805 5
University of Washington 9 13 7 6 9 8 274,674 44
University of Michigan 11 11 7 10 10 10 671,277 12
Cornell University 8 9 12 12 10 10 820,656 3
Duke University 16 10 11 11 12 12 323,231 37
University of Minnesota 15 23 16 17 18 16 631,046 13
Ohio State 29 28 19 20 24 22 596,390 14
Pennsylvania State 26 25 26 28 26 24 693,971 11
Arizona State 36 112 45 45 60 59 770,711 6
National Collegiate Athletic Association (NCAA), athletic expendi-
tures and endowment value from the National Center for Education
Statistics7, prole data from Twier, historical conference data from
Sports Reference8, primary and secondary Twier account names
from university homepages, undergraduate enrollment from the In-
tegrated Postsecondary Education Data System9 (IPEDS) and found-
ing dates from DBpedia10. For endowments that were aributed to
7hps://nces.ed.gov/
8hp://www.sports-reference.com/
9hps://nces.ed.gov/ipeds/
10hp://wiki.dbpedia.org/
a university system (e.g., University of Minnesota Foundation vs.
University of Minnesota-Twin Cities), we used DBpedia to obtain
the endowment value for the particular university present in the
ranking lists to avoid overstating the endowment. Specic institu-
tional data such as the founding date that could not be obtained
from another already mentioned source was also resolved using
web searches of DBpedia.
3.6 Mining Ocial Twitter Accounts
One of the proposed performance indicators for our dataset is con-
structed around a set of primary Twier seed accounts for each
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Algorithm 1 Mining Ocial Twier Accounts
1: Let h ← homePaдeURI
2: Let d ← domain(h)
3: primaryTwitterAccts ← f indO f f icialTwitterAccounts(h,d)
4: function findOfficialTwitterAccounts(H ,D)
5: f oundAccountInd ← f alse
6: TwitterPrimary ← nil
7: W ← ViewPaдeSource(H )
8: repeat
. Search for anchor tag with href in the Twier format
9: A← anchorTaд
10: user ← TwitterReдexp(A)
11: if user ≡ TwitterAccount then
12: pro f ile ← TwitterGETusers(user )
13: if domain(pro f ileURI ) ⊂ D then
. Twier friends are the users an account follows
14: TwitterPrimary ← TwitterPrimary ∪ pro f ile
15: f riends ← TwitterGETFriends(pro f ile)
16: TwitterPrimary ← TwitterPrimary∪ f riends
17: f oundAccountInd ← true
18: untilW ≡ nil
19: if f oundAccountInd then
20: UTE ← 0
21: for i=1 do length(TwierPrimary)
22: primAcct ∈ TwitterPrimary(i)
23: pro f ile ← TwitterGETFollowers(primAcct)
24: if domain(pro f ileURI ) ⊂ D then
25: UTE ← UTE + f ollowers
26: else
27: searchResults ← GooдleCustomSearch(h, ”twitter”)
28: TwitterPrimary ← searchResults(0)
29: UTE ← 0
30: primAcct ← TwitterPrimary(0)
31: pro f ile ← TwitterGETFollowers(primAcct)
32: if domain(pro f ileURI ) ⊂ D then
33: UTE ← UTE + f ollowers
returnUTE
university. For the present study, the presence of Twier friends is
also needed to bootstrap the discovery of aliated, secondary Twit-
ter accounts. e complete process for identifying these accounts
and determining the value for UTE is shown in Algorithm 1 and
described here. As illustrated in Figure 2, we start with the URI for
the university's homepage obtained from the detailed institutional
prole information in the ranking lists. For each URI, we navigated
to the associated webpage and searched the HTML source for links
to valid Twier handles. Aer examining the source anchor link
text, we eliminated known false positives which were longer than
15 characters (Twier limit for a valid screen name) or included
/intent, /share, /tweet, /search or /hashtag in the URI which are
directives to Twier queries. Once the Twier screen name was
identied, the Twier GET users/Show API was used to retrieve
the URI from the prole of each user name. If the domain of the URI
matched exactly or resolved to the known domain of the institu-
tion, we considered the account to be one of the university's ocial,
primary Twier handles since the user had self-associated with the
university via the URI reference. As an example, the user names
@NBA, @DukeAnnualFund, @Duke MBB, and @DukeU were ex-
tracted from the page source of the Duke University homepage
(www.duke.edu). However, only @DukeAnnualFund and @DukeU
are considered ocial primary accounts because their respective
URIs, annualfund.duke.edu and duke.edu, are in the same domain
as the university.
As shown in Table 5, ten institutions did not have a Twier
account identied on the homepage as of August 2016, therefore, a
primary ocial account could not be determined via our automated
homepage search. For this subset only, we used the Google Custom
Search Engine11 to initiate an X-ray search using the keywords
“institution URI” AND “twier”. We accepted the top ranked result
returned by Google, if any, as the ocial, primary Twier account
for the university. In the event that Google did not render a Twit-
ter account in the search results, we manually searched for any
remaining outstanding accounts using the search bar located on
hp://twier.com.
Table 5: UniversitiesWithout a Twitter Link oneir Home-
page (as of August 2016)
University Twitter Screen Name
University of Louisville @uo
University of South Carolina @uofsc
University of Missouri @mizzou
University of North Carolina-Greensboro @uncg
Ball State @ballstate
University of Evansville @uevansville
Fordham University @fordhamnotes
Marist College @marist
Portland State University @portland state
East Carolina @eastcarolina
Colleges and universities have a reputation for being decen-
tralized, with many departments operating independently of one
another, maintaining a separate social media presence. However,
we observed that only 24 of the 264 universities in our dataset pro-
moted multiple, ocial Twier accounts on their homepage. For
the purpose of computing our UTE score, we want to consider the
contribution of all university-aliated Twier accounts. erefore,
for each of the identied ocial, primary accounts, we obtained the
full list of their Twier friends, i.e., users that they follow. Again,
we used the Twier GET users/Show API to determine which of
the friends could be included as secondary ocial Twier accounts
based on the URI in the prole (must have the same domain as
the university). ese secondary accounts might include the ath-
letic teams, faculty members, and other university organizations.
Once the primary and secondary accounts were identied, we used
the Twier GET followers/IDs API to retrieve and accumulate the
follower count to form the UTE score for the university.
We launched our crawler to nd all of the designated Twier
followers during the time period between June 15, 2016 and August
30, 2016. In total, we collected 1,087,000 user proles. Approxi-
mately 9% of all the user accounts we collected were protected at
11hps://cse.google.com/cse/
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University home page 
http://www.odu.now 
Search page source 
Primary Twitter account 
(@ODUNow) 
Twitter Friends of @ODUNow 
@ODUCoachWilder 
@ODUFootball 
@WebSciDL 
@ODUNowUTE = 11.2K + 3577 + 225 + 32.8K 
Figure 2: Mining Twitter Accounts.
the prole owner's request; allowing only their friends to view their
proles. Subsequently, we ignored these users in the computation
of the UTE score because the underlying prole data is inaccessible
using the Twier API. Once we calculated the UTE score, we then
ranked each university, in sequential order, based on the score, as
shown in Table 4.
4 EVALUATION
In this section we evaluate our UTE ranking by computing rank-
order correlation with the adjusted reputation rank (Section 3.3)
and the composite EEE rank (Section 3.4). We also directly com-
pare the rankings of individual universities for the full dataset and
discuss the implications for universities in the NCAA Power Five
conferences.
4.1 Rank-Order Correlation
Since we know that the potential for tied rankings exists in our
data, we used Kendall's Tau-b (τ ) rank-order correlation to test for
statistically signicant (p < 0.05), moderate (0.40 < τ ≤ 0.60) or
strong (0.60 < τ ≤ 0.80) correlations between the individual ranking
systems and our adjusted reputation rank. Table 6 shows the respec-
tive inter-rank correlation measured in Kendall τ . With τ values in
the range of 0.3189 to 0.4191, the rankings on Money Magazine are
weak to moderately correlated with all other ranking lists including
our ARR. is range of τ values conrms our intuition that the
disparate ranking criteria based on value and the underlying goals
of the Money Magazine system appropriately deem it an outlier
among the other lists. We note a strong correlation, in the range of
0.7634 to 0.8787, between the remaining four lists which indicates
that (1) the criteria traditionally used to rank universities based on
academic excellence changes slowly thus resulting in minimal dif-
ferentiation in the selected universities and (2) the relative ranking
position of a particular university is anchored and does not vary
signicantly from year to year. e strong correlation of 0.8787
between subsequent lists found in the 2015 and 2016 rankings in
U.S. News along with the addition of only three new entrants in
2016 (see Table 1) conrms this observation. e lack of variety
between the U.S. News rankings is also consistent with the conclu-
sions of Grewal et al. [14], noted previously in Section 2.1, which
indicated the high probability of a top-ranked university retaining
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Table 6: Kendall's Tau-b Correlation Between Ranking Lists and our Adjusted Reputation Rank (N=264)
ARWU MONEY USNEWS2015 USNEWS2016 THE ARR
ARWU 1 0.4191 0.8763 0.8565 0.7634 0.8533
MONEY 0.4191 1 0.3761 0.3239 0.3504 0.3189
USNEWS2015 0.8763 0.3761 1 0.8787 0.7496 0.8542
USNEWS2016 0.8565 0.3239 0.8787 1 0.7605 0.9375
THE 0.7634 0.3504 0.7496 0.7605 1 0.8285
ARR 0.8533 0.3189 0.8542 0.9375 0.8285 1
Table 7: Kendall's Tau-b Correlation Between Composite Rankings and UTE Rank for Institutions on Two or More Lists
EEE ARR UTE
EEE 1 0.5310 0.5728
ARR 0.5310 1 0.6691
UTE 0.5728 0.6691 1
(a) Top 50
EEE ARR UTE
EEE 1 0.5410 0.5620
ARR 0.5410 1 0.5920
UTE 0.5620 0.5920 1
(b) Top 100
EEE ARR UTE
EEE 1 0.5538 0.5960
ARR 0.5538 1 0.5967
UTE 0.5960 0.5967 1
(c) Top 141
EEE ARR UTE
EEE 1 0.5969 0.6461
ARR 0.5969 1 0.6018
UTE 0.6461 0.6018 1
(d) All 264
its rank from year to year. Our adjusted reputation rank, with τ
values in the range of 0.8285 to 0.9375, is strongly correlated with
the rankings in ARWU, THE, and both years of USNEWS. erefore,
we conclude that ARR can be used as a representative proxy for
any traditional ranking system.
4.2 Composite Ranking Correlation with UTE
In order to evaluate our UTE rank against the adjusted reputation
rank and EEE rank, we again used Kendall's Tau-b (τ ) rank-order
correlation to test for statistically signicant (p < 0.05), moderate
(0.40 < τ ≤ 0.60) or strong (0.60 < τ ≤ 0.80) correlations. Using ARR
as the ranking criteria, we selected the top-50, top-100, top-141
ranked on two or more lists, and all 264 universities in our dataset.
As shown in Table 7a, we found with a τ value of 0.6691, UTE is
most strongly correlated with the ARR for the top-50 institutions
followed closely by EEE at 0.5728. We must note the majority of the
universities in the top-50 of any ranking list are usually members
of the Ivy League or large schools with highly recognizable athletic
programs like those in the Power Five (e.g., Ohio State, Penn State)
so we might expect similarities in the metrics that comprise EEE.
e correlation between UTE and ARR decreases slightly for the top-
100, but persists to indicate a strong correlation, τ = 0.6018, when
we examine the full dataset in Table 7d. Our goal is to maximize
the use of web-based metrics, therefore, choosing UTE over EEE
should provide similar ranking results regardless of the size of the
list. We conclude that primary and secondary Twier followers, as
we have dened for UTE, presents a strong metric for ranking and
assessing the reputation of a university.
To further investigate the correlation of ARR, UTE, and EEE,
we show scaerplots in Figure 3 of the combinations of the three
rankings for all 264 universities. e colors represent bins of the
EEE rank, which can be directly seen in Figure 3a. As discussed
in Section 3.3, the 115 schools that appeared exclusively on the
Money Magazine list were binned and all assigned a rank of 142
on the ARR. Note that all of the universities in the rst bin of
EEE (black dots) are ranked below 150 in ARR, suggesting that
universities with high enrollments, endowments, and/or athletic
budgets also have high academic rank. Figure 3b (ARR vs. UTE)
shows that there are several universities that have larger Twier
followings than can be explained just by academic rank (i.e., UTE
rank is higher than ARR rank). Most of these rankings fall into
the rst bin of EEE, which could explain the increase in Twier
following. Twier engagement provides an inexpensive means for
smaller schools to reach a large audience, potentially enhancing
their reputations. Figure 3b also shows that there are several smaller
schools (in the last EEE bin, cyan dots) that have larger Twier
followings than their academic rank (not ranked in ARR) or EEE
would explain. ese schools may be making a concerted eort to
enhance their prole and could potentially move into the standard
academic rankings in the future. is would be an interesting
avenue for future study. Finally, Figure 3c shows EEE vs. UTE,
which indicates that as expected, universities with more nancial
resources tend to have larger Twier followings, though there are
still some universities in the lower EEE bins that have signicant
Twier followings.
4.3 Correlation Between the NCAA Power Five
We use the fraternity of the schools in the Power Five to more
closely examine the collective ranking correlation of these con-
ferences based on their 2016 membership. Within the complete
data set, we observed that 55 out of the 65 Power Five member
institutions (84.6%) were ranked within the top-100 positions based
on the ARR rank. Further, we found that all 65 schools (100%) were
ranked within the top-100 positions based on the EEE rank. e
laer observation is consistent with the strong correlation between
EEE and UTE, τ = 0.6461, that we determined in Table 7d and is
consistent with our intuition that large schools with ample nancial
resources would aract more Twier followers. Figure 4 highlights
the relationships between the Power Five and the various metrics
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Figure 3: Correlation of Composite Rankings (Full Dataset). Colors represent bins of the EEE rank from 1 to 264.
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Figure 4: Correlation of Composite Rankings (Full Dataset). Blue dots represent member institutions in the Power Five.
by repeating the same charts from Figure 3 but with members of
the Power Five shown in blue.
We noted several similarities which were indicative of the ten
schools (15.4%) that were ranked outside of the top tier for ARR.
Notably both Texas Christian and Mississippi State are the only
schools which were not ranked on two or more of the ranking
lists. Both schools also fall signicantly below the mean values for
the Power Five in terms of undergraduate enrollment (≈ 21,000),
endowment value (≈ $2.3B), and athletic expenditures (≈ $90M),
placing them at the boom of the EEE ranking. On the other hand,
Wake Forest is the smallest institution in the Power Five, but the
school garners an academic reputation (ARR=45) that cannot be
readily explained by its comparatively low EEE ranking (EEE=97).
We also note four schools that fall within the boom 50% of UTE.
In particular, the University of Louisville could achieve a consid-
erable boost in UTE ranking (≈ 107,000 followers) if the Twier
account used by the athletic department (@GoCards) would refer-
ence the primary URI of the university rather than its own domain
( hp://gocards.com). We discovered 284 primary and secondary
accounts followed by Georgia Tech, however only four of these
could be considered ocial, because 150 of 280 secondary accounts
did not include a URI in the prole bio. A similar scenario was
noted for Oregon State where 271 of the 341 secondary accounts
did not include a URI. While we identied 74 ocial accounts for
the University of Pisburgh, as was the case with Louisville, ≈
140,000 underreported secondary Twier accounts are associated
with university sports. We discovered the Twier followers of Wake
Forest are bolstered signicantly by a single celebrity professor,
Melissa Harris Perry, who in addition to her faculty position previ-
ously hosted a weekly news style program on US television. More
than 80% of the Wake Forest UTE score is aributed to the veri-
ed @MHarrisPerry Twier account which has more than 600,000
followers.
In Appendix A, we note the diverse, though not exhaustive,
spectrum of unique university domains found among secondary
Twier accounts of the NCAA Power Five. Upon visual inspection
of the web content of each domain, we nd they are related to
the university in some capacity (e.g., sports, clubs), but do not
conform to our domain association rule. e omission of the UTE
for the associated secondary Twier accounts can, in some cases,
signicantly lower our calculation of UTE score. For those under
performing universities, in terms of Twier followers, inclusion of
more domains would elevate the UTE rank of the university and
likely present a stronger correlation of Kendall's Tau-b (τ ) than
was noted in Table 6. We did not aempt to identify additional
secondary domains for the entire set of 264 universities in our
dataset. is exercise would be manually intensive and counter to
our stated goal of automated data collection.
5 DISCUSSION
As noted during our own collection eorts, the quality and avail-
ability of the data chosen as performance indicators can impede
the eciency of constructing of a gold standard data set. Manual
correction can improve the data collection, but is expensive and is
not conducive to reproducible research. We observed that institu-
tions themselves do not maintain a complete listing of all ocial
Twier accounts as noted by the number of undiscovered and un-
documented accounts we extracted during a secondary search. We
must also acknowledge the impact of celebrity professors and veri-
ed accounts (e.g., Melissa Harris Perry). Given the small number
of veried accounts among our ocial Twier proles, we contend
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that celebrity faculty members might be equated to the inuence of
Nobel Prize laureates; an indicator which is used by some ranking
systems. We did not address known issues with bots and spam
accounts which may over inate the stated number of Twier fol-
lowers which is the primary component of our UTE score (e.g., [7]) .
We also understand that our methodology constrains universities to
a single ocial hostname which can deate the UTE score as Twit-
ter accounts that reference other university-owned domains are
omied. Based on our research assumptions, we observed that en-
rollment does not necessarily increase the Twier followers needed
to compute UTE. Universities are not taking the opportunity to
advertise their Twier accounts and are at times promoting other
entities on their homepage. is observation necessitated the need
to expand the follower network as we have dened. Schools with
highly visible sports programs, like those in the Power Five, tend
to have more Twier followers as the public is more aware of the
university's overall brand. In general, the perceived reputation of
any university is impacted less by metrics which are intrinsic to the
institution, but intangibles that translate into more impressions or
brand awareness by the public and constituents. is parallels the
assertions in prior research [22, 25] which contends that popular
entities are more likely to aract more followers (see Section 2.3).
6 CONCLUSIONS AND FUTUREWORK
We examined and ranked a set of 264 U.S. universities extracted from
the NCAA Division I membership and lists published in U.S. News,
Times Higher Education, Academic Ranking of World Universities
and Money Magazine using an adjusted reputation rank which we
compared to our University Twier Engagement score; the friend
and extended follower network of primary and aliated secondary
Twier accounts referenced on a university's home page. When
compared to our adjusted reputation rank for all 264 represented
universities, we noted a strong correlation, τ=0.6018, with UTE.
We conclude that our UTE rank is comparable to those presented
in other academic-based ranking systems, however, we present
a low-cost data acquisition methodology using only web-based
artifacts. UTE also oers a distinct advantage because (1) it can be
calculated on-demand and (2) it promotes diversity in the ranking
lists as any university with a Twier account can be given a UTE
rank. ese results are highly reproducible as they are derived
from social media and obtained using a publicly accessible Twier
API. A similar aggregation strategy might also be applied to other
popular social platforms such as Instagram or YouTube. e use of
a web-based API allows our results to be calculated on a near-real
time basis rather than annually which is the norm for other ranking
systems.
e use of web metrics might also provide an incentive for in-
stitutions to increase their web presence as way to further engage
with constituents and the general public. Social media allows us to
measure another proxy for reputation; how the universities and the
public engage with one another. e universities themselves have
to decide whether this kind of outreach is important and invest in
it, and the public needs to be interested enough to follow them.
Our study is subject to a number of limitations that present
opportunities for future work. Campbell’s and Goodhart's law
suggest that if UTE becomes popular, institutions may seek to
articially increase their Twier followers in order to increase
their ranking. Future work could include only the Twier accounts
of real people. In order to obtain a more complete set of ocial
Twier accounts, the domain associated with the account URI could
be expanded to include all registered domains for the university.
Additional research might also broaden the scope of our study to
include both U.S. and international universities. It might also be
advantageous to subject the observations made in this paper to a
temporal analysis to ascertain whether the UTE rankings, at least
for those in the upper echelon, persist over time and to look for
non-linear spikes in Twier followers which may indicate articial
manipulation.
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A SUPPORTING TABLES
Table 8: Underreported UTE for NCAA Power Five Where the URL Does Not Conform to Domain Rules
University HomepageDomain
Unique
Secondary
Domains
Sampling of
Secondary
Domains
Associated
Secondary
Twier
Accounts
Associated
Secondary
UTE
Arizona State University asu.edu 92 thesundevils.comasufoundation.org 138 498,097
Auburn University auburn.edu 15
auburntigers.com
auburnalabama.org
auburn.collegiatelink.net
43 809,923
Baylor University baylor.edu 25 baylorbears.combaylormenschoir.org 62 308,520
Boston College bc.edu 68 bceagles.comeaglemunc.org 68 175,227
Clemson University clemson.edu 8 clemsontigers.comclemsongreeklife.com 14 224,964
Duke University duke.edu 48 goduke.comdukeoutoheblue.org 78 1,046,188
Florida State University fsu.edu 48 seminoles.comfsulacrosse.com 79 490,251
Georgia Tech gatech.edu 1 ramblinwreck.com 1 2,305
Indiana University iub.edu 18 iuhoosiers.comhoosierhockey.com 52 164,536
Iowa State University iastate.edu 16 cyclones.comiastate.kappadelta.org 32 261,369
Kansas State University k-state.edu 4 stateproud.orgwildcatsforever.com 4 22,492
Louisiana State lsu.edu 70
lsusports.net
deltagammalsu.com
tigertv.tv
124 1,205,973
Michigan State University msu.edu 27
msuspartans.com
spartanband.net
msupress.org
40 582,386
Mississippi State University msstate.edu 10 msufoundation.commsubulldogbash,com 13 27,072
North Carolina State University ncsu.edu 10 wolfpackclub.comncsupanhellenic.com 10 32,847
Northwestern University northwestern.edu 36
northwestern.zetataualpha.org
northwestern.freshu.io
wildcatexpressdelivery.com
36 102,897
Ohio State University osu.edu 28 osurugby.comohiostatebuckeyes.com 65 718,025
Oklahoma State University osu.okstate.edu 35
ucatokstate.org
okstatecru.com
cowboywrestlilngclub.org
44 51,474
Oregon State University oregonstate.edu 9 osubeavers.combeaverblitz.com 18 150,641
Pennsylvania State University psu.edu 71
gopsusports.com
ladylions.com
pennstategleeclub.com
121 767,708
Continued on next page
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Table 8 – Continued from previous page
University HomepageDomain
Unique
Secondary
Domains
Sampling of
Secondary
Domains
Associated
Secondary
Twier
Accounts
Associated
Secondary
UTE
Purdue University purdue.edu 181 purduesports.compurduealumni.org 296 426,586
Rutgers University rutgers.edu 15 scarletknights.comrutgersalumni.org 19 80,939
Stanford University stanford.edu 20 gostanford.comcardinalredfootball.com 44 320,845
Syracuse University syr.edu 39 syracuse.comdailyorange.com 58 402,634
Texas A&M University tamu.edu 49 aggieathletics.comtamuweather.org 64 331,272
Texas Christian University tcu.edu 38 tcuw.comtcugammaphibeta.com 56 218,283
Texas Tech University u.edu 66 redraidersports.orgulibrary.weebly.com 108 98,267
University of Alabama ua.edu 14 uaemba.comcrimsontidefoundation.org 19 101,359
University of Arizona arizona.edu 19 arizonawildcats.comarizonawrugby.com 50 690,450
University of Arkansas uark.edu 14 arkansasrazorbacks.comuark.swe.org 36 886,112
University of California–Berkeley berkeley.edu 42 berkeleystudentfoodcollective.orgucberkeleymcc.tumblr.com 48 92,604
University of California–Los Angeles ucla.edu 22 uclabruins.comuclaextension.com 52 290,477
University of Colorado colorado.edu 6 coloradocollege.edubualobicycleclassic.com 6 16,002
University of Florida u.edu 11
oridagators.com
gatorszone.com
u.collegiatelink.net
37 784,674
University of Georgia uga.edu 24 ugafootballlive.comugabookstore.com 31 427,758
University of Illinois illinois.edu 66 ghtingillini.comillinihockey.com 140 452,158
University of Iowa uiowa.edu 22 hawkeyesports.comsigmanuiowa.org 47 394,801
University of Kansas ku.edu 78 kuathletics.comjayhawkhockey.com 128 592,790
University of Kentucky uky.edu 13 wildcatworld.comuky.kappa.org 16 30,676
University of Louisville louisville.edu 8 louisville.n.rivals.comuclublouisville.org 11 89,035
University of Maryland maryland.edu 5 terrapinstationmd.comumaryland.edu 7 17,523
University of Miami miami.edu 6 hurricanesports.comthemiamihurricane.com 24 251,879
University of Michigan umich.edu 5 umich.comwolverinesforlife.org 5 13,065
University of Minnesota twin-cities.umn.edu 63 gophersports.comminnesotaalumni.org 87 241,487
Continued on next page
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Table 8 – Continued from previous page
University HomepageDomain
Unique
Secondary
Domains
Sampling of
Secondary
Domains
Associated
Secondary
Twier
Accounts
Associated
Secondary
UTE
University of Mississippi olemiss.edu 58 olemisssports.comomrebelnation.com 119 823,676
University of Missouri missouri.edu 2 mutigers.com 11 23,629,273
University of Nebraska unl.edu 2 unl.kappadelta.orgunlbookstore.com 35 28,970
University of North Carolina unc.edu 79 dailytarheel.comuncc.edu 108 331,103
University of Notre Dame nd.edu 11 und.comnotredamefootballschedule.net 15 55,875
University of Oklahoma ou.edu 9 soonersports.comsoonersports.tv 35 977,324
University of Oregon uoregon.edu 25 goducks.comuoduckstore.com 62 467,767
University of Pisburgh pi.edu 4 pisburghpanthers.compipanthersgameday.com 21 140,584
University of South Carolina sc.edu 24 gamecocksonline.com libraries.usc.edu 72 1,003,376
University of Southern California usc.edu 110 usctrojans.comuscimpact.org 140 400,268
University of Tennessee utk.edu 36 volnation.comvolsconnect.com 34 477,843
University of Texas utexas.edu 19 longhornnetwork.comutexasbands.org 22 196,330
University of Utah utah.edu 22 utahutes.comutefans.net 42 281,367
University of Virginia virginia.edu 8 virginiasports.comcavalierdaily.com 32 316,827
University of Washington washington.edu 7 gohuskies.comgraduatewashington.org 43 252,407
University of Wisconsin wisc.edu 72 uwbadgers.combadgernation.com 118 978.770
Vanderbilt University vanderbilt.edu 20 vucommodores.comvanderbilt.org 30 252,776
Virginia Tech vt.edu 36 hokiesports.comhokienation.us 54 274,400
Wake Forest wfu.edu 22 deaconclub.comdemondivaswfu.com 32 13,098
Washington State University wsu.edu 54 wsucougars.comwsujobs.com 111 210,679
West Virginia University wvu.edu 26 wvusports.comwvufootball.com 38 434,385
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